ABSTRACT Predicting the potential habitat of species under both current and future climate change scenarios is crucial for monitoring invasive species and understanding a speciesÕ response to different environmental conditions. Frequently, the only data available on a species is the location of its occurrence (presence-only data). Using occurrence records only, two models were used to predict the geographical distribution of two destructive invasive termite species, Coptotermes gestroi (Wasmann) and Coptotermes formosanus Shiraki. The Þrst model uses a Bayesian linear logistic regression approach adjusted for presence-only data while the second one is the widely used maximum entropy approach (Maxent). Results show that the predicted distributions of both C. gestroi and C. formosanus are strongly linked to urban development. The impact of future scenarios such as climate warming and population growth on the biotic distribution of both termite species was also assessed. Future climate warming seems to affect their projected probability of presence to a lesser extent than population growth. The Bayesian logistic approach outperformed Maxent consistently in all models according to evaluation criteria such as model sensitivity and ecological realism. The importance of further studies for an explicit treatment of residual spatial autocorrelation and a more comprehensive comparison between both statistical approaches is suggested.
The use of statistical models to predict a speciesÕ potential habitat has seen a growing interest during the past two decades, given the importance of monitoring endangered or invasive species and understanding a speciesÕ response to different environmental conditions (Guisan and Thuiller 2005) . Such models are often referred to as habitat models, ecological niche models, or species distribution models (Elith and Leathwick 2007) and have been applied to a variety of Þelds such as ecology, conservation, and biogeography. Species distribution models attempt to model the speciesÐ environment relationships by using sites of known occurrence (presence data) and, sometimes, nonoccurrence (absence data) together with environmental variables recorded over the whole study area. In most cases, records from atlases, herbaria, or museum databases only contain information on a speciesÕ incidental observations (Franklin 2009) . A fundamental limitation of presence-only datasets is that the prevalence of a species, i.e., the proportion of occupied sites across the study area, is unknown. In recent years, several statistical methods have been proposed for modeling these types of datasets, such as inhomogeneous Poisson process (Warton and Sheperd 2010, Chakraborty et al. 2011) and maximum entropy (Maxent) (Phillips et al. 2004 (Phillips et al. , 2006 . Other approaches use presenceÐabsence models by assuming random samples chosen from the region of interest (background samples) as absences (also called "pseudoabsences"; Elith et al. 2006) . However, this assumption has been shown to have substantial problems of model speciÞcation, interpretation, and implementation (Warton and Sheperd 2010) .
In this work, a recently developed Bayesian logistic regression model adjusted for presence-only data (Divino et al. 2011 (Divino et al. , 2013 and the widely used Maxent approach were used to predict the current and future biotic distributions of two major invasive termite pests within the state of Florida: the Asian subterranean termite, Coptotermes gestroi (Wasmann), and the Formosan subterranean termite, Coptotermes formosanus Shiraki. The Bayesian approach used herein has only been tested on artiÞcial data before this study (Divino et al. 2013) .
The highly invasive Asian subterranean termite and Formosan subterranean termite are, or will become, the most destructive subterranean termites in areas of suitable climate, causing severe damage to wood in service (Evans et al. 2013) . Asian subterranean termite is endemic to Southeast Asia and it is currently found mostly in tropical areas (Li et al. 2009 ). Formosan subterranean termite is probably endemic to southern China and is found primarily in subtropical and temperate regions (Li et al. 2009 ). Asian subterranean termite and Formosan subterranean termite are only known to occur sympatrically in Taiwan, Florida, and Hawaii (Li et al. 2010) . Asian subterranean termite was Þrst found in Florida in 1996 (Dade County) and is a more recent invasive species compared with Formosan subterranean termite, discovered in Florida in 1980 (Broward County; Scheffrahn 2013) . Both species are now well-established pests in Florida.
Regional predictions of the potential habitat of the two termite species under both current and future climate scenarios are currently lacking in the available literature. A single recent study attempted to predict the ecological niche of Asian subterranean termite on a global scale using mostly coarseÐprecision occurrence data derived from the literature (Li et al. 2013) . However, the reliability of such predictions could be affected by the excessive extent of the study area used for both model calibration and estimation, given the small amount of available occurrence data.
The format of this article is as follows. The study area, data, variables, and modeling approaches used are described in the Materials and Methods section. Results and their interpretation are then presented, followed by a Þnal discussion on the advantages and limitations of the models tested herein.
Materials and Methods
Study Area and Species Data. Florida was selected as a common study area for both Asian subterranean termite and Formosan subterranean termite to compare the performance of two different statistical approaches under the same environmental conditions. Termite collection localities, including winged reproductives and nonvolent foragers, were taken from the University of Florida Termite Collection at the Fort Lauderdale Research and Education Center. Winged reproductives were taken from within infested structures, and therefore were in close proximity to their foraging nest mates and stationary nests. Geographical coordinates of 280 and 411 separate land-based colonies of Asian subterranean termite (1996 Ð2012) and Formosan subterranean termite (1985Ð2012), respectively, were used in this study (Fig. 1) . A few records representing boat infestations (Scheffrahn and Crowe 2011) were excluded. All database samples were collected Ͻ40 m from buildings by R.H.S., pest control professionals, property owners, entomologists, and others interested in species-level identiÞcation. About 95% of foraging caste samples were collected within 5Ð10 m or inside the structures themselves.
The study area was divided into Ϸ38,000 2-km grid cells and all termite observations falling within a given cell were aggregated to a single point. After aggregation, 65 and 160 occurrences were considered for Asian subterranean termite and Formosan subterranean termite, respectively. In this work, grid cells were considered as independent, given the explanatory variables, and the probability of presence was modeled for each one of them. The chosen spatial resolution attenuates some of the bias caused by spatial dependence between nearby occurrences because termite reproductives from a mature colony ßy only a few hundred meters during their annual dispersal ßights (Nutting 1969) . Moreover, the available environmental data used in this study were obtained at a 2.5-arcmin (Ϸ4 km) resolution and it is appropriate to consider a sampling unit whose size is equal (or close) to it . Finally, the number of occurrences available after the aforementioned spatial aggregation ensures robustness of the estimates from the statistical models used herein.
Predictor Variables. A set of gridded climatic variables was selected (Table 1) based on both its ability to directly inßuence the ecophysiology of both Asian subterranean termite and Formosan subterranean termite (Gautam and Henderson 2011) , and on suggestions taken in consultation with termite experts. Data for historical climatic conditions were extracted from two sources: 1) the PRISM Climate Group database (Daly et al. 2002) and 2) the WorldClim (1950 Ð2000) database (Hijmans et al. 2005) . General annual trends such as annual total precipitation (prec), average daily mean dew point temperature (dew), and average daily maximum (tmax), and minimum (tmin) temperatures were obtained from the PRISM database, representative of average historical conditions for the years of available occurrence records of both Asian subterranean termite and Formosan subterranean termite. Two bioclimatic variables representing extreme or limiting factors such as maximum temperature of the warmest month (bio5) and minimum temperature of the coldest month (bio6) were chosen from the WorldClim database, representative of the 1950 Ð2000 average historical conditions. Both WorldClim and PRISM data were obtained at a 2.5-arcmin (Ϸ4 km) resolution and further resampled down using bilinear interpolation to maintain the higher data resolution of the reference spatial grid over the study area. The available time series of historical climate data from PRISM (1895Ðpresent) allowed us to extract those years that matched historical occurrence records for both Asian subterranean termite and Formosan subterranean termite exactly.
In addition to climate variables, the U.S. Geological Survey National Land Cover Database (NLCD) 2006 (Multi-Resolution Land Characteristics Consortium 2012) was also used (see Table 1 ), which has a native resolution of 30 m. The database comes with 20 land cover classes, which were modiÞed according to the following steps: 1) reduction from 20 to 8 main land cover classes according to the NLCD 2006 product legend; 2) creation of single layers for each land cover class from the previous step; and 3) aggregation of each land cover layer from 30 m to our 2-km reference grid by expressing each cell value as the percentage of land cover contained within.
Finally, centroids of grid cells occupied by termite locations were also used in some of the statistical models (see Tables 2 and 3) to account for the geographic proximity between collection sites across the geographic space. Locations were expressed by their projected easting and northing values. All layers, including the 2-km reference grid, were mapped using the NAD83 Florida GDL Albers projection to minimize distance distortions throughout the study area.
Most predictor variables in our dataset were highly correlated and their simultaneous presence in statistical models has been proven to cause several problems (e.g., biased parameter estimates or lower efÞ-ciency in the estimates; Farrar and Glauber 1967) . Therefore, an a priori choice of variables was carried out to exclude pairs of highly correlated variables (r Ն 0.8). A different set of models was also estimated using principal components obtained from the full set of . In this study, the A2 emission scenario was used, which forecasts an average increase in global surface temperature of Ϸ3.4ЊC by 2100. This scenario was preferred over others to assess the impact of a larger climate change on both termite speciesÕ potential distributions and consider it as a benchmark "worst-case" scenario.
Given the uncertainty associated with the path of future climate change, average projections of annual precipitation and minimumÐmaximum temperatures for the years 2040 Ð2069 (referred to as 2050s hereafter) were extracted from the Climate Change, Agriculture and Food Security Web portal (Climate Change Agriculture and Food Security 2013). Projections of annual mean dew point temperatures were not available from any data provider, hence this predictor variable could not be considered for future scenarios.
The three following AtmosphericÐOceanic Global Circulation Models (GCMs hereafter; Diniz-Filho et al. 2009 ), statistically downscaled using the so-called delta method (Ramirez-Villegas and Jarvis 2010), were selected for the A2 emission scenario and the 2050s time frame: GFDL-CM 2.1, NCAR-CCSM 3.0, and UKMO-HadCM3.
A projected population growth scenario in 2060 was obtained from the University of Florida GeoPlan Center (University of Florida GeoPlan Center 2013). The dataset assumes no further population growth in areas currently urbanized.
First, we assumed a change in the climatic variables under the A2 emission scenario given by the three selected GCMs, assuming no change in population. Then, we added a population growth scenario together with climate change, resulting in a total of six future scenarios for each species. To create "consensus" maps of projected probabilities in the 2050s, predictions were averaged over the three GCMs. This method has been shown to signiÞcantly increase the accuracy of species distribution forecasts (Marmion et al. 2009 ).
Modeling Approaches. In this study, several models were considered using two statistical approaches for presence-only data (see Tables 2 and 3 ): 1) Maxent (Phillips et al. 2006) , and 2) a Bayesian linear logistic regression adjusted for presence-only data, named Bayesian for presence-only data (BPOD) hereafter (Divino et al. 2011 (Divino et al. , 2013 . The former, was presented in Phillips et al. (2004) and it is widely used for modeling distributions of species (Elith et al. 2011) . The BPOD builds upon the work presented in Ward et al. (2009) while using a Bayesian framework.
Although different in their theoretical backgrounds, both methods use the BayesÕ rule as an important point to calculate the probability of presence of the species conditioned on the environment. An outline of the theory, main assumptions, and modeling settings used in both approaches follows.
Maxent Approach. Maxent is a machine-learning method that uses species occurrences and a random sample of background environmental data over a region of interest to predict species distributions. Let us deÞne Pr͑X ϭ x͉Y ϭ 1͒ to be the probability distribution of covariates, i.e., environmental variables, across locations where the species is observed (Y ϭ 1), and Pr͑X ϭ x͉Y ϭ 0͒ to be the probability distribu- M1: X (easting), prec, bio5, bio6, and all land cover variables; M2: prec, bio5, bio6, and all land cover variables; M3: X (easting), Y (northing), prec, bio5, and all land cover variables; MPCx: x stands for the number of principal components used as covariates. The best models are highlighted in bold. M1: X (easting), prec, bio5, bio6, and all land cover variables; M2: prec, bio5, bio6, and all land cover variables; M3: X (easting), Y (northing), prec, bio5, and all land cover variables; MPCx: x stands for the number of principal components used as covariates. The best models are highlighted in bold.
tion of covariates where the species is absent (Y ϭ 0). The quantity of interest is the probability of presence of a species, Pr͑Y ϭ 1͉X ϭ x͒, conditioned on a set of environmental covariates X. Maxent considers the modeling of Pr͑X ϭ x͉Y ϭ 1͒ and uses the BayesÕ rule to estimate the sought conditional probability distribution:
The core of the Maxent "raw" model output is the estimate of the ratio Pr͑x͉Y ϭ 1͒/P͑x͒. This is accomplished by seeking an estimate of Pr͑x͉Y ϭ 1͒ that is consistent with available occurrence data. Among several possible distributions, one that maximizes the entropy of Pr͑x͉Y ϭ 1͒, or in other words, minimizes the relative entropy of Pr͑x͉Y ϭ 1͒ with respect to Pr͑x͒ (measured using the KullbackÐLeibler divergence) is chosen. The distribution of Maxent, i.e., closest to the uniform probability distribution or most spread out, is estimated while being subject to a set of constraints imposed by the information available from the environmental conditions where the species occurs.
Environmental variables or functions thereof are known as "features" and are treated as an expanded set of variables to be added as terms in the model speciÞcation. A random sample of background locations informs the model about Pr͑x͒. The set of constraints on Pr͑x͉Y ϭ 1͒ ensures that empirical averages of each feature approximate their averages at sites where the species is present (or a random sample thereof).
The probability distribution of Maxent is a Gibbs distribution, which has an exponential form (Della Pietra et al. 1997) . Raw exponential values estimated by the model are scale-dependent, e.g., they can be extremely small if the study area is large, and only represent a measure of relative suitability of each site. However, the model can also be transformed from an exponential family model into a logistic model, thus making it more comparable with other machine learning or generalized linear or additive models (Phillips and Dudik 2008) .
To calculate the Þnal conditional probability of occurrence Pr͑Y ϭ 1͉X ϭ x͒, knowledge of the prevalence of the species Pr͑Y ϭ 1͒ ϭ , i.e., the proportion of occupied sites across the study area, is required. However, is unknown with presence-only data (Ward et al. 2009 ). In this case, the Maxent approach sets this quantity arbitrarily to 0.5. BPOD Approach. When dealing with presenceonly data, sampling from the reference population of locations cannot be performed under the traditional random sampling design. SpeciÞcally, while a random sample of presences is available, a random sample of absences cannot be obtained. Therefore, a random sample of "contaminated controls," i.e., a random sample of locations from the whole reference population (background sample) that can also include some occurrences of the species, is matched with the aforementioned random sample from the available occurrence data (Lancaster and Imbens 1996) .
To estimate the regression parameters, a two-level scheme is used: 1) a Þrst level describing the probability law that generates the population data; and 2) a second level using a stratiÞed case-control design, modiÞed for presence-only data to select samples from the population. In a traditional logistic regression, the response variable Y ϭ 0 marks the absence of an attribute of interest in the population, while Y ϭ 1 marks the presence of the same attribute. The key point in the BPOD approach is the introduction of a stratum variable Z, considered as the only observable variable. SpeciÞcally, Z ϭ 0 means that a location is collected from the whole reference population, while Z ϭ 1 indicates that a location is collected from the subpopulation of presences. Z ϭ 1 implies that Y ϭ 1, while Z ϭ 0 implies that Y is an unknown value . The introduction of the stratum variable Z allows us to deÞne a linear logistic regression, adjusted for presenceonly data. Denoting by Pr͑Z ϭ 1͉C ϭ 1, X ϭ x͒, the probability that a location is sampled (C ϭ 1) from the set of locations where the species of interest is present (Z ϭ 1) and with covariates X ϭ x, the linear logistic model for presence-only data can be deÞned as:
where q is a correction term, depending on the number of presences truly observed and the unknown number of presences hidden in the sample of "contaminated" controls. An approximation of q can be derived iteratively within the estimation algorithm. After prior distributions are deÞned over the parameters of interest (the linear coefÞcients ␤ and the unobserved responses in the sample of "contaminated" controls), Bayesian inference can be carried out through Markov Chain Monte Carlo (MCMC) techniques (Robert and Casella 2004) . In particular, an algorithm including a data-augmentation step (Tanner and Wong 1987) is used to obtain an estimate of the unknown empirical prevalence of the species of interest, jointly with linear coefÞcients of the logistic model.
Evaluation of Model Performance. In this study, model performance is evaluated according to three criteria: 1) prediction accuracy of occurrence data, i.e., model sensitivity expressed by the percentage of correctly predicted occurrences in the sample; 2) goodness-of-Þt, using both the Akaike information criterion (AIC, Akaike 1974) and its corrected version (AICc, Burnham and Anderson 2002) ; and 3) ecological realism, i.e., assessing predictions against prior biological knowledge of a species. AIC and AICc for all Maxent models were calculated using the ENMTools (Warren and Seifert 2011) , which uses Maxent "raw" suitability scores, i.e., exponential values standardized over the study area. Several other traditional statistical evaluation metrics such as CohenÕs Kappa (Cohen 1960) or the area under the receiver operating characteristic curve (AUC, Hanley and McNeil 1982) are commonly used with presenceÐabsence (or pseudoabsence) data. However, in this study, we do not make any assumption of pseudoabsence for background data. While model sensitivity was compared across all models and both statistical approaches, AIC and AICc values were only used to compare the relative quality of each model within the same statistical approach to provide a mean for model selection. This is crucial because MaxentÕs model structure is different from BPOD, hence values of both AIC and AICc cannot be compared across models considered in both approaches.
Sampling Scheme. The following background sampling schemes were used with respect to Maxent and BPOD modeling approaches.
Each Maxent model was run 16 times, with the background sample size set to 10,000 randomly selected points. Although there are not set guidelines regarding the ideal number of background points to use in each situation, some recent studies found that predictive accuracy of Maxent was best with Ϸ10,000 points (Barbet-Massin and Jiguet 2012) over areas comparable in size to our study. Moreover, some studies found that predictive accuracy of Maxent was best with Ϸ10,000 points (Barbet-Massin and Jiguet 2012). All other settings in the Maxent software have been used with their default values (Phillips et al. 2006 ).
Each BPOD model was run 500 times, with sample size set according to the presence/background ratio of 1:4, as used by Ward et al. (2009) . SpeciÞcally, in Asian subterranean termite, a sample of 65 observed presences was matched with a background sample of 65 by 4 ϭ 260 locations (total sample size n ϭ 325), while for Formosan subterranean termite, a sample of 160 observed presences was matched with a background sample of 160 by 4 ϭ 640 locations (total sample size n ϭ 800). The MCMC algorithm with data augmentation used 15,000 iterations (10,000 burn-in) to estimate the unknown model parameters.
The reason for using different sampling schemes between Maxent and BPOD is due to the fact that the two approaches have different requirements for reaching robust parameter estimates. SpeciÞcally, Maxent needs a large background sample, while BPOD needs a large number of model replications. Given these constraints, we chose model settings accordingly and used roughly the same amount of "sampling information" (Supp Tables 2 and 3 [online  only] ). In both approaches, parameter estimates were obtained as averages over all model replications.
Results
Several models were run to predict the current potential distribution of both Asian subterranean termite and Formosan subterranean termite. A list of the best performing models is shown in Table 2 for Asian subterranean termite and Table 3 for Formosan subterranean termite, together with their evaluation metrics.
For Asian subterranean termite, the model that reached the highest overall performance in the Maxent approach was M1, while in the BPOD approach it was MPC3, which used the Þrst three principal components as covariates. Figure 2a and b shows the current potential distributions of Asian subterranean termite predicted by the best overall models in both approaches, thus BPODÐMPC3 and MaxentÐM1, respectively. Southeastern Florida and the Keys Islands show a much higher suitability compared with other areas, matching the general pattern of recorded occurrences. Low probabilities are also predicted along For Formosan subterranean termite, the model that reached the highest overall performance in the Maxent approach was MPC3, while in the BPOD approach it was MPC6, using the Þrst three principal components and all six principal components as covariates, respectively. Figure 3a and b shows the current potential distributions of Formosan subterranean termite predicted by the best overall models in both approaches, thus BPODÐMPC6 and MaxentÐMPC3, respectively. Highest suitability values are associated with urbanized areas across the entire state. Although no occurrences were recorded in some urban areas, a medium-to-high suitability is predicted for the species in areas such as northwest Florida around Pensacola, along the west coast in Sarasota and Port Charlotte, along the east coast in Melbourne and Palm Coast, and all the Keys islands southwest of Key Largo.
Future predicted probabilities of presence were derived using a model from the BPOD approach for both Asian subterranean termite and Formosan subterranean termite. Because of data availability (see Materials and Methods), the BPOD-M1 model was chosen to predict their future distributions. Figure 4a and b shows the contemporary predictions calculated using model BPOD-M1 for Asian subterranean termite and Formosan subterranean termite, respectively. A visual inspection suggests that predictions are not much different from the best models that used principal components as covariates, with the exception of a few areas for Formosan subterranean termite such as the Keys Islands or the west coast of Florida, where the suitability is slightly lower. Figure 4c and d shows average "consensus" projected probabilities, i.e., averaged over the three GCMs, for Asian subterranean termite and Formosan subterranean termite, respectively, under climate change conditions for the 2050s time period and given no change in land cover. The climate variables that are projected to the future from M1 are precipitation, bio5, and bio6. Urban areas in southeast Florida seem to have an increased predicted probability of presence for Asian subterranean termite, while for Formosan subterranean termite changes in suitability are less noticeable. The population growth scenario ( Fig. 4e and f) increases the percentage of areal units occupied by developed areas, thus increasing the variable "devel" (refer to Table 1) in our model. The effect of a combined change in climate and developed areas increases the predicted probabilities of presence for both Asian subterranean termite and Formosan subterranean termite. However, the effect is much more noticeable for the latter across the whole study area.
Discussion
The performance of the BPOD approach on both species was shown to be consistently better than the widely used Maxent method, with a few exceptions, in terms of sampling sensitivity (see Table 3 ). Whenever the model covariates were highly informative on a species geographical distribution (e.g., for Asian subterranean termite), the BPOD approach performed consistently better than Maxent. In fact, the highest sensitivity reached by any Maxent model was 61%, hence lower than the worst BPOD model (76%). When the model covariates are less informative for predicting distribution, as for the Formosan subterranean termite, BPOD performs better than Maxent in 78% of the cases. Finally, the best BPOD model gave more realistic predictions from an ecological perspec- tive compared with the best Maxent model for both species. SpeciÞcally, for Formosan subterranean termite, Maxent tends to overpredict areas across the entire state, far apart from recorded occurrences, and underpredict areas close to them (Fig. 3) . Although this phenomenon is less pronounced for Asian subterranean termite, areas in the metropolitan southeast Florida are underpredicted nearby recorded occurrences.
The BPOD approach makes a better use of the information from principal component analysis-derived variables compared with Maxent, as its predictive power increases until reaching an optimum in terms of sensitivity and both information criteria (see Tables 2 and 3) . However, such models behave in a slightly different manner between the two species. In particular, BPOD models for Asian subterranean termite reach an optimum with a smaller number of principal component analysis-derived variables than Formosan subterranean termite (three vs. six principal components, respectively). This probably means that the original environmental variables enclosed in the Þrst three principal components are sufÞcient to explain the ecological niche of Asian subterranean termite in Florida. Formosan subterranean termite, tolerating broader climatic and environmental gradients than Asian subterranean termite, has attained generic species status in Florida, where it occurs in all major human population centers of the State. This result also suggests that some environmental factors inßuencing the habitat of Formosan subterranean termite may be missing from these analyses.
Maxent models reported in this article were estimated by Þtting linear responses to relationships between response and predictor variables to keep comparability between the two different statistical approaches. Maxent models Þtting more complex responses were also tested but had a much lower predictive performance compared with the ones Þtting linear features. A major advantage of the BPOD approach over Maxent is that the MCMC algorithm does not require the a priori knowledge of the population prevalence because it is considered as a further parameter in the model. This overcomes the issue of prevalence speciÞcation pointed out by Ward et al. (2009) . A Bayesian modeling framework allows ßex-ibility in the treatment of uncertainty while making full inference on the probability of presence possible. However, a more formal comparison between the two statistical approaches based on artiÞcial data is suggested for future studies.
In this article, statistically downscaled climate projections for the 2050s were preferred over dynamically downscaled projections, such as the CLARReS10 dataset for the southeast United States (Stefanova et al. 2012) . Although the latter are able to incorporate regional-scale processes, their spatial resolution (Ϸ10 km) was too coarse to assess the effect of variation in climate and urbanization on the same scale used for contemporary predictions for both termite species. Climate change under the A2 scenario for the 2050s has a moderate effect on both speciesÕ geographical distribution. Conversely, a combined effect of climate change with a population growth scenario has a larger impact on their projected probabilities, especially for Formosan subterranean termite. This suggests that both termite species are inßuenced by urban development much more than by climate alone.
Two issues not fully addressed in this work are the residual autocorrelation that may still persist among neighboring occurrences and the problem of observer bias (Syfert et al. 2013) . To reduce spatial autocorrelation, we chose a spatial resolution at which termite occurrences can be assumed independent of each other given the explanatory variables (see Materials and Methods). Spatially explicit models, i.e., models with spatial autoregressive component (Cressie 1993) or latent spatially structured component (Zuur et al. 2009 ), might be available to reÞne our Þnal predictions. However, a reasonable way of generating pseudoabsences must be found and these models are computationally intensive to estimate. The issue of observer bias would be hard to address in the models developed herein because the data comes from different sources and involves multiple data collectors (see Materials and Methods). All samples were not collected using road accessibility criteria, hence standard solutions, e.g., adding information on road distance within the models (Phillips and Dudik 2008) , could not be implemented in this study. The treatment of such a complex issue is deferred to future work.
